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Abstract
This paper aims to use fractal dimensions to quantify the complexity of customer in-store movements, and proposes a purchase
model factoring in the eﬀects of complex customer movements on purchase behavior. We used the box-counting method to
calculate the fractal dimension of shopping paths and investigated its relationships with basket size and sales, which are viewed as
important for marketing. We found that the customer group with high fractal dimensions had mean values for the number of sales
ﬂoor zones visited, basket size, stay time in store, and sales amount statistically higher than those of the customer group with lower
fractal dimensions. We analyzed a binomial logit model to identify positive eﬀects that the fractal dimension has on purchases in
the food ingredient categories of vegetable, ﬁsh, and meat.
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1. Introduction
Research on themes that span across multiple areas of expertise is viewed as important, and research ﬁelds of
complex science (chaos, fractals, and self-organization) are attracting attention.1,2,3 There is steadily increasing im-
portance of research themes encompassing multiple ﬁelds such as machine learning applied to medical data mining.4
The fractal dimension that is considered in this study is a concept that provides quantitative evaluation of subjects
having a complex structure, such as tree forms, coastlines, brain waves, and cells. Numerous applications have been
reported in the analyses of landscape structure, stock price ﬂuctuations, etc.2
On the other hand, in marketing areas of business ﬁelds, pioneering research has been conducted to clarify con-
sumer behavior based on purchase results such as point-of-sale (POS) data.5 Radio frequency identiﬁcation (RFID)
technology has been used to explain customer purchase processes in recent years, and there is progress in modeling
consumer behavior that combines purchase results and purchasing processes.
Until now, stay times in the sales ﬂoor zone and path lengths have been considered when assessing customer
movements in shopping. In addition to these quantities, this study proposes the introduction of fractal dimensions
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to quantify complexity of customer shopping paths, and thereby, construct a purchase model that includes the com-
plexity of customer in-store movements. This study aims to clarify the eﬀects of the complexity of customer in-store
movements, expressed in fractal dimensions, on purchase behavior.
The rest of the paper is structured as follows. Section 2 contains a literature review. In Sec. 3, we discuss the
composition of shopping path data handled in this study. We derive the fractal dimensions of shopping paths and
clarify the relationship between fractal dimensions and customer purchase behavior in Sec. 4. Finally, we conclude
the paper and suggest areas for further research in Sec. 5.
2. Related Work
Advances in sensor network technology, in particular RFID technology, have enabled them to record customer
positions in the store as part of shopping path data. There is active research aimed at using shopping path data to
clarify customers’ purchase processes and combining them with POS data to construct consumer behavior models.
Larson et al. 6 pioneered research on shopping path data. Using the k-means clustering method they identiﬁed
characteristic paths of customers and succeeded in ﬁnding 14 canonical paths. Hui et al. 7 derived a Travelling Sales-
man Problem (TSP), order deviation, and travel deviation from shopping paths and showed that each characteristic is
linked to customers’ purchase behavior and basket size.
Some research groups8,9,10 considered the inﬂuence of stay time in the sales ﬂoor zone on purchase behavior and
indicated that the eﬀects of stay time diﬀer for each sales location. Kholod and Yada11 considered the eﬀects of
shopping path length on purchase results and found a positive correlation between path length and purchase behavior.
In our previous study,12 we sought shopping path fractals for individual customers and demonstrated this through
a case study showing the correspondence between customer movements and fractal dimension.
This study introduces fractal dimensions as a quantiﬁed index that expresses the complexity of the customer in-
store movements, separately for stay time and path length. A fractal dimension is a non-integer dimension; a low
dimension is more systematic, while a high dimension means the complexity of its shape increases because of factors
such as randomness. By considering fractal dimensions to quantify the complexity of customer shopping paths, we
can understand the eﬀects of complexity of customer in-store movements on purchase behavior.
3. Shopping Path Data
The shopping path data were collected from a supermarket in the Kanto region of Japan during October 2012. The
position information of a customer was collected at one-second intervals from shopping carts ﬁtted with RFID tags.
We related the cart number to POS data to determine the products and value purchased by each customer. This study
uses shopping path data of 1,000 customers. Table 1 shows the basic statistics of the data. The table summarizes the
time spent in store, travel distance (993 customers’ data), basket size (998 customers’ data), number of zones visited,
and sales amount. In order to focus on the data of customers who shopped in the sales ﬂoor only, we ignored the
entrance or register zones in our analysis.
Table 1. Basic statistics summary.
Mean Std. dev. Min Max
Time spent in store (minutes) 14.6 11.4 0 210.9
Movement distance (meters) 572.3 291.5 0.0635 1776.6
Basket size 9.9 6.6 1 45
No. of sales ﬂoor zones visited 14.7 5 1 26
Sales amount (JPY) 2670 2169.8 69 15740
Figure 1 shows the store layout. There are two entrances “E” at the lower right and lower left on the map. The store
is divided into 29 zones. Table 2 shows the zone details. Customers enter the store from an entrance E, move around
the store, and ﬁnally pass through a register “R” and pay. Areas in the outer perimeter of the store have products that
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many customers buy, with sales zones for vegetables, ﬁsh, side dishes, meat, and daily goods. Inner areas have sales
zones for confectionary, general foods with long shelf lives, etc.
Table 3 shows an example of shopping path data. The data include the cart number, the time at which the customer
position was recorded, the plane coordinates corresponding to the position of the cart, and the zones the customer was
in. The customer position in the store is projected onto a 685×654 size x-y plane.
Fig. 1. Store layout.
Table 2. Zone categories.
A1 Household Goods 1 E Entrance C1 Confectionery 1 M Meat
A2 Household Goods 2 F1 Seafood 1 C2 Confectionery 2 R Register
A3 Household Goods 3 F2 Seafood 2 C3 Confectionery 3 S Event Space
B1 General Food 1 G Prepared Food D1 Liquor 1 V1 Fresh Produce 1
B2 General Food 2 H Central Aisle D2 Liquor 2 V2 Fresh Produce 2
B3 General Food 3 I Western Deli
B4 General Food 4 J Japanese Deli
B5 General Food 5 K Frozen Foods
B6 General Food 6 L Drinks
4. Fractal Dimension of Shopping Path
This study aims to introduce the concept of fractal dimensions to assess the complexity of shopping paths and to
construct a purchase behavior model that incorporates a quantiﬁed index for complexity. The box-counting method
is used to derive fractal dimensions. We consider a binomial logit model to analyze the relationship between fractal
dimensions and purchase behavior.
4.1. Fractal Dimension and Box-Counting Method
“Fractals” indicate objects and phenomena that have similar structures observed in natural science. The fractals
concept was proposed by Mandelbrot. 13 Fractals do not have a characteristic scale; they merely show the existence of
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Table 3. Shopping path data example.
Cart number time x y position
101 10:10:31 55 339 V1
101 10:10:32 55 341 V1
...
...
...
...
...
101 10:15:42 148 195 F2
101 10:15:43 149 179 F2
101 10:15:44 150 178 F2
...
...
...
...
...
a complex structure. A special aspect of fractals is that even if the scale on which we focus changes, the shape does
not change; the rule that governs them is that they have certain invariance in response to scale changes. By changing
the spatial scale of the store, we attempt to derive that invariance from the customer in-store behavior.
Here, we consider a graphic drawn on a two-dimensional plane. N is the number of required cells when this graphic
is covered by rectangles of length ε on one side. N and ε have the following relationship.
N ∝ ε−p (1)
Here, p is a positive real number, which is called a fractal dimension. Generalizing, the dimension D of a pattern is
determined from the relationship between ε and the number of cells N of scale length ε required to completely cover
the pattern, and is described as
D = − lim
ε→0
lnN
ln ε
. (2)
Fractal dimension is a concept that generalizes the dimensions of usual patterns. Figure 2 shows a Koch curve, which
is a famous fractal pattern. The fractal dimension of a Koch curve is D = ln 4/ ln 3 ≈ 1.262. The deviation from a
straight line expresses the characteristics of a complex structure.
We use the box-counting method to seek the fractal dimensions of shopping paths. That is, we use pixels of scale
length ε to cover a graphic, and by counting the number of cells that cover the path parts, we estimate the fractal
dimension. Figure 3(a) is an observed shopping path, and Fig. 3(b) depicts the shopping path covered. In part (b), 43
dark color cells contain the path. The shopping path is expressed as 685×654 pixels image data; the scale length is
changed until the smallest unit is 1 pixel from 342 pixels, and we count the number of cells that cover the shopping
path. Figure 4 shows the relationship between cell size ε and the number of cells N needed to cover it. From the slope
of the straight line ﬁtted by the least-square method, we can estimate the fractal dimension as 1.387.
Fig. 2. Koch Curve.
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Fig. 3. Shopping path and box-counting method, (a) shopping path example; (b) cells that contain the shopping path.
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Fig. 4. Relationship between one side of cell (ε) and number of covering cells N. The slope of the straight line is estimated by the coeﬃcient of
determination R2 = 0.989 by the least-square method.
4.2. Fractal Dimension and Number of Zones Visited, Basket Size, Stay Time in Store, and Sales Amount
We sought the fractal dimension of 1,000 customers by the box-counting method discussed in Sec. 4.1. Table 4
summarizes the basic statistics. The fractal dimension is distributed in the range 1.067 ≤ D ≤ 1.436, with a mean of
1.225. This mean is close to the dimension of a coastline (1 to 1.3), and the maximum value of 1.436 is close to the
dimension of a shape that combines the Nile River’s tributaries and those of the main river (≈1.4).2
Table 4. Fractal dimension basic statistics.
Min Max Median Mean Std. dev.
Fractal dimension 1.067 1.436 1.229 1.225 0.06
1769 Yuta Kaneko and Katsutoshi Yada /  Procedia Computer Science  96 ( 2016 )  1764 – 1771 
Table 5 divides customers into two groups by the median value of fractal dimensions; it shows the mean values
of each group’s number of zones visited, number of categories, stay time in store, and sales amount. The H group
(N = 504) has high median values, and the L group (N = 496) has low median values. When analyzing the basket
sizes, two customers who had no data were removed from the analysis, resulting in H with 503 customers and L
with 495 customers. To compare H and L, we used Welch’s t-test, not assuming equal variances. From the analysis
results obtained, the high (H) fractal dimension customer group included the number of zones visited, basket size,
stay time in store, and the sales amount, which were all signiﬁcantly higher than those of the low (L) customer group
(p < .001). Focusing on the sales amount analysis results, it seems that more products are purchased when there is
strong complexity and randomness of the customer in-store movements. Speciﬁcally, the stay time in store results in
a diﬀerence of more than double; people in the high fractal dimension customer group tend to have a longer shopping
time.
Table 5. Mean values of number of zones visited, basket size, stay time in store, and sales amount.
H L t-value
Number of customers 504 496
Number of zones visited 17 11 t(846.15) = 24.082***
Number of categories (basket size) 11 8 t(990.86) = 5.7241***
Stay time in store (minutes) 20 8 t(975.7) = 19.32***
Sales amount (JPY) 2922 2414 t(996.58) = 3.7261***
(***p < .001)
4.3. Analysis of Purchase Behavior by Binomial Logit Model
To clarify the relationship between fractal dimension and purchase behavior, we consider a binomial logit model.
For the ﬁve product categories in Table 6, we use a model to analyze whether the customer purchased the category’s
products. We introduce the customers’ fractal dimension as an explanatory variable and thereby assess the eﬀects on
purchase behavior.
Pr(yi = 1) =
exp(α + β · Di)
1 + exp(α + β · Di) (3)
Variable deﬁnitions:
yi =
⎧
⎪⎪⎨
⎪⎪⎩
1 : Customer i makes a purchase
0 : Customer i does not make a purchase
Di : Fractal dimension of customer i
α, β : Parameters
Table 6 shows the parameter estimation results. Among the ﬁve product categories, in the vegetables, ﬁsh, and
meat categories, fractal dimensions had statistically high importance (p < .001). In contrast, in the prepared food and
general B categories, the fractal dimension was not signiﬁcant for purchases (p > .10). This may be because a person
who is unsure what to buy moves around sales ﬂoor zones, the path crosses many times, and the fractal dimension
becomes higher. For vegetables, ﬁsh, and meat products, fractal dimension has a positive eﬀect on purchases. There-
fore, one can say that if the complexity of movements and randomness is high, then the customer is more likely to
buy products. Vegetables, ﬁsh, and meat are raw materials that become ingredients, while prepared food and general
B are processed goods. Raw materials have large daily price changes and are easily aﬀected by freshness. It could be
that when comparing such products, increasing the factors that should be considered in shopping encourages in-store
movements and is linked to purchase results.
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When focusing on customer groups, people who often purchase ingredients are likely to be wives in families.
Processed goods such as prepared foods are bought by unmarried people who seek convenience. At vegetables,
ﬁsh, and meat sale zones, designing product displays and announcements to encourage in-store movements could be
eﬀective for retail marketing.
Table 6. Parameter estimation results.
Product category α and β Std. Error z-value
Vegetables -5.056 1.468 z=-3.445***
5.051 1.205 z= 4.192***
Fish -5.149 1.321 z=-3.898***
4.376 1.078 z= 4.059***
Meat -4.575 1.319 z=-3.468***
3.638 1.075 z= 3.386***
Prepared Food -1.849 1.297 z=-1.425
1.352 1.057 z= 1.278
General B -1.155 1.428 z=-0.809
1.745 1.167 z= 1.495
(***p < .001, i.e., 99.9% conﬁdence interval does not include 0)
5. Conclusion
This study introduced fractal dimension as a quantiﬁed index to assess the complexity of customer in-store move-
ments, and investigated the relationship with purchase behavior. We investigated 1,000 customers and distributed the
fractal dimensions in the range 1.067 ≤ D ≤ 1.436, with a mean of 1.225.
The median value of fractal dimensions is used to divide customers into two groups: high customer group and
low customer group. A comparison of the mean values of the number of zones visited, basket size, stay time in
store, and sales amount indicated signiﬁcant diﬀerences between the high and low customer groups. Basket size
and sales amount exhibited the maximum diﬀerences between the two groups. We found that, as the complexity of
movement increases, customers purchase more goods on average. As a result of using a binomial logit model to
analyze customer purchase behavior in the vegetables, ﬁsh, and meat product categories, we found that the higher the
fractal dimension, the more likely it becomes for the customer to purchase goods. For wives who buy vegetables,
ﬁsh, and meat, management policies to design product displays and announcements to encourage movement among
sales ﬂoor zones could be eﬀective. On the other hand, in the prepared food and general B product categories, fractal
dimension was not statistically signiﬁcant for purchases, and hence, no conclusions can be drawn. Therefore, this
study introduced the fractal dimension, and thereby, succeeded in quantitatively assessing eﬀects of the complexity of
customer in-store movements on purchase behavior, and obtained thought-provoking results.
Finally, we will mention future areas of this research. The binomial logit model analysis was narrowed down to a
few product categories. The contribution of the fractal dimension should be considered for purchases in more product
categories. Also, the shapes of shopping paths can diﬀer depending on customer age, gender, and family structure.
For detailed understanding of the eﬀects of customer in-store movements on purchase behavior, one should consider
demographic characteristics, classify customers into multiple segments, and study by introducing fractal dimensions
for each segment.
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